The local scour phenomenon in the vicinity of bridge piers and stilling basins has received considerable attraction from designers due to its consequences which may endanger these structures. Various factors govern the pattern of scour evolution which results in the complexity of this phenomenon. Many researchers indicated that the use of fuzzy logic in modeling this phenomenon could be a promising alternative to reflect the vagueness and ambiguity of effective parameters. The aim of this study is to investigate the performance of a neuro-fuzzy model based on Takagi and Sugeno's theory in estimating the maximum depths, pattern and time evolution of scour hole downstream of a stilling basin of U.S.B.R. type I. The investigation was conducted under various discharges, tail-water depths (low, balanced and high), different bed materials and model sizes. The characteristics of the equilibrium state of the scour phenomenon as well as the time to reach the maximum scour depth were considered. The results showed a significant conformity between estimated and experimental data which recommends an acceptable outcome using a neuro-fuzzy model to forecast the properties of scour hole downstream of stilling basins. This would contribute to predicting the design geometry of stilling pools and taking the appropriate precautions to protect the downstream channel bed. Large 40 20 166 240 240 50 70 50 120 p Width of reach. † Height of side walls. 202 J. Farhoudi et al. | Estimation of characteristics of local scour downstream of stilling basins Journal of Hydroinformatics | 12.2 | 2010 J. Farhoudi et al. | Estimation of characteristics of local scour downstream of stilling basins Journal of Hydroinformatics | 12.2 | 2010 205 J. Farhoudi et al. | Estimation of characteristics of local scour downstream of stilling basins Journal of Hydroinformatics | 12.2 | 2010 208 J. Farhoudi et al. | Estimation of characteristics of local scour downstream of stilling basins Journal of Hydroinformatics | 12.2 | 2010 209 J. Farhoudi et al. | Estimation of characteristics of local scour downstream of stilling basins Journal of Hydroinformatics | 12.2 | 2010 J. Farhoudi et al. | Estimation of characteristics of local scour downstream of stilling basins Journal of Hydroinformatics | 12.2 | 2010
INTRODUCTION
Scour can be defined as the enlargement of a flow section by removal of bed material composing the boundary through the action of a fluid in motion (Larsen 1952) . In other words, the removal of soil particles from their previous state is termed as scour, which is one of the most important problems from a river-engineering viewpoint. A large expenditure has been made to protect the boundaries from scour in the vicinity of hydraulic structures. Scour around bridge piers, downstream of stilling basins, is usually defined as "local scour". There are various hydraulic, morphologic and geotechnical factors governing the characteristics of scour holes. Various model studies have been conducted by many researchers to investigate the evolution of this phenomenon. However, due to the complexity of the phenomenon, the regression equations adopted by dimensional analysis could not properly model the involved parameters. More details about the local scour and stilling basins can be found in the book Design of Small Dams (1987) .
The large cost of engineering works encountered from damaged hydraulic structures due to the evolution of local scour in their vicinities necessitates a thorough study of the phenomenon (Wu 1973; Farhoudi 1979; Lopardo et al. 2002) .
The main shortcoming with these laboratory investigations is their limitations to certain experimental conditions such as bed material size, model size and flow characteristics which might not reflect all of the effective parameters. doi: 10.2166/hydro.2009.069 On the other hand, the literature indicates that expert systems, such as artificial neural networks (ANNs), are efficient tools to simulate the complicated phenomenon due to its nonlinear structures. This model mimics the historical pattern of a phenomenon (during the training process) and uses it to simulate the results to process the new inputs.
Applying the artificial intelligence in the scouring phenomenon is used to estimate the local scour around piers, sediment transport in open channels (Trent et al. 1993) , prediction of interfacial mixing phenomenon in stratified estuaries (Grubert 1995) and prediction of the scour depth downstream of culvert outlets (Liriano & Day 2001) . Azmathullah et al. (2005) used the feed-forward backpropagation network to estimate the width, location of maximum scour depth from the bucket lip and length of scour downstream of a ski-jump bucket. They concluded that the parameters of discharge intensity, total head of spillway, bucket hole radius, bed material size, depth of scour and lip angle would play a main role. They compared the obtained results of ANN with the traditional regression equations obtained from dimensional analysis. Their results indicated that the ANN model has more correlation and less error than regression equations. Engelund and Hansen). They concluded that the ML models provide a better accuracy than the existing ones. Nagy et al. (2002) used the artificial neural model to estimate the river sediment discharge in terms of sediment concentration. They applied different groups of data from various rivers to evaluate the ANN model which indicated better results compared to several common formulas used to estimate the sediment discharge. Lin & Namin (2005) developed an integrated numerical and ANN model to predict the distribution of suspended sediment loads, under both uniform and non-uniform flow conditions. In their study they utilized the advantages of both the deterministic method and the data-driven ANNs, which showed encouraging results.
On the other hand, the effective parameters in the scouring phenomenon have a vague (ambiguous) nature which can be resolved by fuzzy inference system (FIS). The experiments have been carried out at three scales, each twice the other, designated as small, medium and large models hereafter. The geometric characteristics of these models are shown in Figure 1 and Table 1 .
The spillway was designed according to U.S.B.R. design criteria, for which the equation of the weir face was as follows:
where x and y are coordinates of a point on the weir face and a free-jump stilling basin, i.e. U.S.B.R. basin type I, was employed. From the design viewpoint, this type of basin is not economic, but the aim of such a selection was to idealize the geometry of the flow and to achieve a twodimensional scour hole.
As are shown in Table 2 , six different cohesionless bed materials were used, including four sizes of sand and two sizes of bakelite.
The data collection was conducted in three model sizes (large, medium and small) under different flow rates (q)
where high, balanced and low tail-water conditions were used. In each experiment, the coordinates of the scour hole at different points (x, y) and different time intervals (t) were measured, and totaled 1620 readings. The summary of the experimental program is shown in Figure 2 .
Analysis of hydraulic jump with the development of scour
Thoroughly, in this study three types of hydraulic jump, i.e. free jump (balanced tail-water condition), repelled jump (low tail-water condition) and drowned jump (high tailwater condition), are considered. In the case of free jump, the tail-water depth was such that the jump occurred on the apron (Figure 3 ). When the tail-water depth was not sufficiently high to ensure the formation of a free jump on the apron, the jump was swept off the apron and occurred over the movable bed, resulting in an intense sediment transport due to the action of large eddies developed in the scour hole and washing the sediments back towards the apron and piled adjacent to its end. Whenever the height of the piled sediment tended to become high enough to
interrupt the passage of the flow filaments leaving the apron, re-entertainment of the piled particles occurred. This process was dominant at the beginning of each test which was accompanied by an oscillation in the position of the scour hole. As the scour hole deepened, the water surface raised tended to move the front of the jump towards the apron. It was also observed that the flow separation was extended further along the downstream face of the scour hole, apparently affecting the velocity distribution in the scour hole ( Figure 4 ). This definition is related to the low tail-water condition.
In the case of the drowned hydraulic jump (high tailwater condition), the tail-water depth was such that it forced the jump back toward the spillway and formed the jump adjacent to the toe of the structure. As the depth of tail-water became greater, the jump tended to be more submerged and closer to the toe of the drop ( Figure 5 ).
STRUCTURE OF NEURO-FUZZY MODEL
The neuro-fuzzy model is an approach where the fusion of neural networks and fuzzy logic find their strengths. This approach employs heuristic learning strategies derived from the domain of neural network theory to support the development of a fuzzy inference system (FIS). The basic structure of an FIS consists of three conceptual components: a rule base, which contains a selection of fuzzy rules; a database, which defines the membership functions (MFs) being used in the fuzzy rules; and a decision-making unit which performs the inference procedure upon the rules to derive an output as shown in Figure 6 (Nayak et al. 2004; Dixon 2005 ).
An adaptive neuro-fuzzy inference system (ANFIS)
with two "x 1 and x 2 " inputs and one "y" output, based on the Takagi & Sugeno (1985) model, consists of the five following layers Chen et al. 2006 ): 
Layer 1: input layer
Each node i in this layer is used to perform a membership function:
where x 1 and x 2 are the crisp inputs to node i, and m A i 
where c represents the MF's center and s determines the MF's width as shown in Figure 7 .
Layer 2: rule nodes
In this layer, the AND or the OR operator is applied to obtain one output that represents the result of the antecedent for the rule, i.e. firing strengths of the output O 2,m in this layer are the products of the corresponding degrees from layer 1 as
Layer 3: average nodes In this layer, the main objective is to calculate the ratio of each ith rule's firing strength to the sum of all of the rules' firing strengths: 
Layer 4: consequent nodes
In this layer, the first-order Sugeno fuzzy model is considered as a fuzzy inference system defined as
where p i , q i and r i are the coefficients of linear combination.
Layer 5: output layer
In this layer, a defuzzification inference is used to transform the fuzzy results into a crisp output. The sum of all incoming signals is used to generate the decision crisp output as
In the training step, the goal is to train adaptive networks to an approximate unknown function given by 
where m i : the degree of the membership function related to ith node; P i : input vector; r a : radius defining a neighborhood distance from the cluster center.
The objective of the fuzzy subtractive clustering is to prevent increasing numbers of parameters which may be altered according to the number of rules.
RESULTS AND DISCUSSION
Estimation of maximum scour depth 
The closer the CE value is to one indicates the better the fit.
2. Standard error:
The closer the SE value to zero indicates the better the fit.
In the above relationships, ds obs : the observed scouring depth, ds sim : the simulated scour depth, ds obs : average observed scour depths, ds sim : average simulated scour depths and n: number of observations for scour depth.
Equations (11) and (12) Table 3 .
The simulated maximum scour depths in validation mode for three tail-water conditions against measured values are depicted in Figure 8 along with the corresponding equations of fit. Figure 8 shows that the maximum correlation (R 2 ) between simulated and observed values is 0.76, 0.83 and 0.81 for low, balanced and high tail-water condition, respectively.
In many cases, an investigation into the equilibrium scour depth (d s ) would be sufficient, especially when the bed material is coarse. However, when the bed is composed of fine materials, the time to reach the equilibrium scour depth would be very long, which necessitates a knowledge of the time history of the scouring process (Breusers 1966) .
Considering the estimated maximum scour depth in the validation mode, and using Equation (1) Estimating the length of scour hole (L hs )
The length of scour hole corresponding to the maximum depth of scour under three different tail-water conditions is computed and the correlation between observed and simulated values is plotted in Figure 12 . The evaluation criteria of CE and SE are also evaluated and summarized in Table 4 .
Estimating the time to reach the maximum depth
In many cases the time to reach the maximum scour depth would be required. Equations (9) and (10) Table 5 . The simulated times to reach the maximum scour depths in validation mode against measured values are plotted in Figure 13 along with corresponding equations of fit. Figure   13 shows that the maximum correlations (R 2 ) between simulated and observed values are 0.86, 0.83 and 0.85 for low, balanced and high tail-water condition, respectively. 
CONCLUSIONS

